NOMENCLATURE

Indexes: i
Index of generating units. Forecasted interval of maximum available wind power.
I. INTRODUCTION
R
ENEWABLE energy resources have been rapidly integrated into power systems in many parts of the world, contributing to a cleaner and more sustainable supply of electricity. Wind and solar resources also introduce new challenges for system operations and planning in terms of economics and reliability due to their variability and uncertainty. At the heart of the challenge is to efficiently address the uncertainty and variability of the renewable resources in operational decisions that focus on unit commitment (UC) and economic dispatch (ED) [1] , [2] methods from day-ahead scheduling to real-time operations.
In the past decades, a number of optimization techniques have been applied to deal with renewable uncertainties in power systems, such as stochastic mathematical programming [2] robust programming [3] , [21] , distributionally robust programming [22] - [25] and interval linear programming [4] , [17] , [18] . Flexible fuzzy mathematical programming [5] is an effective method in dealing with softness and uncertainty expressed as fuzzy membership functions. It permits an adequate solution of problems in the presence of vague information about uncertain factors, such as resource availability of renewable energy.
Fuzzy theory has been used for dealing with power system operation problems for more than two decades. In [6] , a fuzzy model for power system operation is presented, where uncertainties in load and generation are modeled as fuzzy numbers. System behavior under inexact (while uncertain) injections is dealt with by a DC fuzzy power flow model. In [7] , an optimal power flow (OPF) formulation that can handle fuzzy constraints is presented. The proposed method converts the fuzzy OPF problem into a crisp optimization problem and solves this problem by using an iterative linear programming technique. Reference [8] presents a mathematical formulation for the optimal reactive power control problem using the fuzzy set theory. The objective function and the constraints are modeled by fuzzy sets. Paper [9] presents a new multiobjective Tabu search algorithm to solve a multiobjective fuzzy model for optimal planning of distribution systems. In [10] , an approach to the fuzzy UC problem using the absolutely stochastic simulated annealing method is proposed. Paper [11] presents a new fuzzy-optimization-based approach to solving the thermal UC problem. In this approach, load demand, reserve requirements, and scheduling cost are expressed by fuzzy set notations, while unit generation limits, ramp rate limits, and minimum up and/or down limits are handled as crisp constraints. Paper [12] presents a UC formulation considering both renewable integration and emissions requirements. The reliability and emission constraints are modeled as fuzzy constraints. The model is solved by using simulated annealing. Reference [13] presents two approaches for addressing wind power forecast uncertainty in the day-ahead UC. The first approach uses a fuzzy objective function that considers expected energy not served and total operating costs, whereas the second approach increases operating reserves in a deterministic UC. Reference [14] presents a UC model considering demand response of electric vehicles as well as wind power. To deal with the UC problem, the authors use a fuzzy chance-constrained program that takes into account the wind power forecasting errors. [19] proposes a one stage UC solution to minimize cost as well as risk. Integration of wind power introduces uncertainty in the solution that may be quantified through an imbalance risk function. The total cost and risk are modeled by using fuzzy sets. Reference [20] uses probability theory to model the unit outage rate and applies fuzzy set theory to describe the load uncertainty, then the UC problem in this study is established as an optimization problem under stochastic and fuzzy uncertainties. A multi-objective optimization considering minimum cost as well as reliability measurement is proposed to obtain the power system schedule.
Traditionally, the spinning and non-spinning reserve requirement is based on a probabilistic or deterministic representation of contingencies. However, in the environment of high penetration of renewables, the scheduled energy and operating reserves should also be dependent on the uncertainty in renewables. In two-stage security-constrained UC or economic dispatch problems, considering a larger uncertainty set of renewables in general leads to a smaller operating risk, e.g. measured in terms of the likelihood of lost load or reserve shortages. If there is potential generation shortage caused by overestimation of renewables, the system operator has to buy an additional amount of reserve in advance, to cover a potential supply-demand gap. Furthermore, it is difficult to describe tail events accurately and to determine the exact boundary of the considered uncertainty set in probabilistic terms. Therefore, fuzzy theory is an ideal alternative concept to model the likeness of the soft boundaries of uncertainty sets.
In this paper, we propose a fuzzy based energy and reserve co-optimization scheduling model. The main contributions of the paper include: 1) We combine fuzzy theory and two-stage robust interval optimization and propose a joint energy and reserve scheduling model that considers robust re-dispatches with renewable uncertainties as well as the soft boundaries of uncertainty sets.
2) The lower bound of the uncertainty set is expressed as fuzzy membership functions. The proposed model provides adequate scheduling solution in the occurrence of incomplete or vague information about uncertain factors.
3) The optimization model calculates efficient schedules by considering the trade-off between the system operating risk and economic scheduling cost. The rest of this paper has the following structure. Section III introduces a two-stage security-constrained energy and reserve scheduling model with high penetration of re-newables. Section IV focuses on the solution methods of the proposed fuzzy energy and reserve co-dispatch formulation. Section V contains case studies, while conclusions and directions for future work are provided in Section VI.
II. TWO-STAGE ENERGY AND RESERVE CO-OPTIMIZATION WITH HIGH PENETRATION OF RENEWABLES
A. Two-Stage Mathematical Programming Model
A two-stage co-optimization model is proposed to address the uncertainty in wind power output. The structures and philosophy in the two stages are different respectively. The first-stage problem corresponds directly to current decision-making, before future uncertainties are disclosed. Once the decisions in the first stage are made, they cannot be changed in the second stage. The second-stage problem considers the recourse cost and examines the viability of the decisions made in the first stage using scenarios.
In two stage Energy and Reserve co-optimization problem, the first stage of the problem corresponds directly to day-ahead energy and reserve clearing and unit commitment which will be kept in real time (second stage). The second-stage problem considers the real-time generation re-dispatch and correction which is based on the actual wind power output and the unit commitment, energy and reserve solution from the first stage. Hence, in our model, the decision variables in the first stage are the commitment status, cleared reserve of all thermal generating units considering the decision variables including generation correction, re-dispatch and wind power output in the second stage.
The multi-period security-constrained Interval UC and energy and reserve co-dispatch can be formulated as (1)- (24) . The objective function is to minimize the sum of the UC cost, energy cost, reserve cost and unserved energy and reserve cost for the expected wind power level. Formulations (2)-(15) represent UC constraints, power balance constraints, wind constraints, reserve requirement constraints, relationship of scheduled power, reserve and maximum and/or minimum capacity, relationship of reserve and ramp rate, ramping constraints, and transmission limits constraints, respectively. The constraint on minimal spinning reserve requirement for the system (Constraint (16)) is related to the dispatch levels of all thermal generating units (N-1 criterion). The spinning reserve is also implicitly determined by transition distance limits between the base case scenario and all other possible scenarios as shown in (18) . The operating reserve requirement in Constraint (17) can be determined by the highest generator capacity and a percentage of the total load. In this paper, we assume that all reserves are provided by thermal units, and that wind and demand does not provide reserves. The renewable uncertainty set is modeled as an interval [W i,t ,W i,t ] in constraint (24) . Constraints (18)- (20) represent the transition distance limits between the base case wind power scenario and all other possible scenarios. In each possible scenario, corrective actions are considered based on P s i,t − P i,t ≤ SR i,t for mitigating the deviations in renewable energy. The physically acceptable adjustments of non-wind generating units will be less than cleared spinning reserves to accommodate the volatility of wind. Corrective actions refer to the redispatch of non-wind units while satisfying power flow imbalances and transmission network violations in real time. (21) denotes system load balance of each scenario. Constraint (22) represents transmission constraints for all possible scenarios within the wind power interval. Renewable power can be dispatched down to below its maximal available energy as described in (23) .
B. Reformulation of Two-Stage Mixed Integer Interval Programming Model
Since there are an infinite number of feasible points in the interval uncertainty set B, formulations (18)- (24) imply an infinite number of variables and constraints, which represent a semi-infinite programming problem. However, the proposed formulation demonstrates an L-shaped structure with many redundant blocks. (26)- (30), where x represents the first stage decision variables, such as UC and planned unit dispatch of energy and reserve, y denotes unit re-dispatches in all possible scenarios related to maximal available wind power in real time.
According to the two-stage problem definition, for a given x, there should be a feasible solution in the region defined by (28)-(30). Since (28) only includes inequality constraints, the worst feasible region defined by (28)-(30) occurs when the right hand coefficients of (28) happen to be its lower bound. This represent that whatever the upper bound is, wind curtailment can always be used to shift the actual wind output to a feasible solution. Wind farms have different control strategies to curtail their wind power output. The assumption is consistent with production models of the Independent System Operators. Therefore, the optimization problem (26)- (30) is equivalent to the optimization problem (31)-(35). Please refer to [4] , [17] - [18] for further reading. The detailed proof is given in the Appendix.
Therefore, problem (1)- (24) or (26)- (30) is equivalent to problem (31)-(35) with a finite number of variables and constraints. This means that we consider the lower bound of maximal available wind power W i,t in the second stage problem, because wind power can be re-dispatched lower than its actual available supply if the point forecast underestimates the wind power.
III. FUZZY BASED ENERGY AND RESERVE CO-OPTIMIZATION
The model in Section III is a security-constrained energy and reserve co-optimization model with crisp parameters. In this section, fuzzy sets are used to model the soft constraints of the energy and reserve co-optimization problem. Fuzzy theory [15] is an ideal approach to deal with decision problems that are formulated as mathematical programming models, but with imprecise parameters. It has been developed to model inexact constraints and fuzzy objective functions in optimization problems as discussed in e.g. [5] , [16] We give a brief introduction to fuzzy set theory in the context of wind power uncertainty below, before discussing the solution of the fuzzy mathematical programming problem in Section IV-B.
A. Fuzzy Sets and Interval
Given a real number w, a fuzzy setÃ is defined as
where μÃ (w) is the membership function which represents the degree or the possibility of w belonging toÃ. If μÃ (w) is limited to 0 or 1, thenÃ becomes a crisp set. As mentioned in Section II, an energy and reserve cooptimization problem with high penetration of renewables could include many fuzzy characteristics. Enforcement of soft constraints does not need to be exact [7] . For example, related to wind-power forecasting, it is difficult to define the exact crisp boundary of the uncertainty interval [w i,t ,w i,t ] according to the inaccurate probability information of tail events in forecasting errors and also inaccurate information on the risk preferences of the decision maker.
If the optimization model considers the larger uncertainty set (for example [w − i,t ,w + i,t ]), the system operating risk becomes lower. However, on the other hand, the operating cost will be higher because more reserve has to be brought online and more thermal units are committed to covering the forecasting uncertainty. Fuzzy set theory is a good approach for modeling the likelihood of the soft boundaries of uncertainty sets. A membership function of the lower bound of available wind power is shown in (37), representing the likelihood or fuzzy confidence level of the boundary of the uncertainty set. As shown in Fig. 1 , if w is less than the given value w − i,t , the corresponding membership value is 1, representing the complete satisfaction of system operating risk. If w is greater than the given value w − i,t , but less than w + it , the corresponding membership value is a number between 0 and 1, representing a lower degree of satisfaction of system operating risk.
(37) Furthermore, minimization of the objective function should not be rigid. Therefore, the fuzzy set theory can be applied to the optimization problem to model practical considerations more accurately. An example of the membership function of the objective function is given in (38). The graph representation of the membership function is shown in Fig. 2 . This membership function is a linear decreasing function. In other words, the degree of satisfaction decreases as the cost increases from f − to f + . The cost f + in. (38) is the highest acceptable cost. Usually, one may set it to be the cost if the right hand value w in (33) is equal to w − . Then, the lowest cost f − is determined by solving the optimization problem (31)-(35) when w in (33) is equal to w + . Selection of these parameters may be subjective and dependent on specific operating practices and risk preferences.
Based on the fuzzy mathematical programming theory [5] , the energy and reserve co-optimization problem with fuzzy constraints and objective functions can be written as Ex + F y≤ w (41)
where≤ is the notation for the fuzzy relationship. (39) and (41) show that the objective and the right hand side of the constraint will not exceed the desired value "too much."
B. Solution of the Fuzzy Mathematical Programming Model 1) Maximization of Minimal Membership Function:
The fuzzy mathematical programming problem (39)-(43) can be deduced to two variations [5] . The first variation is to maximize the minimal membership function of all membership functions of fuzzy sets as shown in (44). The soft constraints (41) are modified to incorporate the additional variable as well as the adjustment of the limit. The fuzzy optimization problem is converted into the following crisp optimization problem (44) 
Constraints (40), (42), (43), (45) and (46) λ
2) Multi-Objective Mathematical Programming: A fuzzy mathematical programming (39)-(43) problem can also be formulated as a multi-objective programming problem (50) and this constitutes the second variation of the problem. The multiple objectives should be satisfied simultaneously, which of course is difficult to achieve. But if we assign a weight for each objective and try to minimize the weighted summation as shown in (51), it is possible to get a compromise solution. For comparing the given objective Cx and fuzzy membership functions μ 1 (w 1 ) . . . μ r (w r ), the weights can be chosen to make sure that their values represent the preferences of the decision maker and to be in the same order of magnitude. In this paper, the weights can also be chosen from the results of a sensitivity analysis such as the one in Fig. 7 . Based on the sensitivity results, the weights can be chosen and then the multi-objective programming problem can be solved. A more elaborate approach to derive the weights' of the decision maker is beyond the scope of this paper and will be further studied in the future.
. . .
s.t. Constraints (40), (42), (43) 
IV. CASE STUDIES
The computational study is based on the modified IEEE-118 bus system [3] with a 20% penetration level of wind-power generation. The modified IEEE-118 bus power network consists of 54 generators, 118 buses, and 186 transmission lines. We also added three identical wind farms across the network. We have a forecast load profile for a 24-h period peaking at 3,733 MWh. The forecasted total wind-power generation profile is scaled so that the total wind-power generation for the day is about 20% of the total load for the day. The hourly forecasted wind and load profiles are shown in Fig. 3 . We assume the two interval uncertainty sets for wind-power production to be around the forecast values as follows: the lower bound of the smaller interval uncertainty set is 90% of the forecasted wind power (w + = 0.9w), which corresponds to the lower reliability expectation of the system and the membership function value is 0. The lower bound of the larger interval uncertainty set is 40% of the forecasted wind power (w − = 0.4w). The corresponding satisfactory degree is high and the membership function value is 1. In this paper, we focus on the modeling of energy and reserve schedule problem with considering high penetration of renewables. We assume that the uncertainty set is given. We believe that the uncertainty set construction is a critical modeling issue in the robust and interval optimization that deserves a separate attention. In an operational setting, these values could be dynamically determined based on the forecasted uncertainty in wind power. As far as we know based on our experience on probabilistic wind power forecasting, the interval can be obtained from quantiles [26] in probabilistic forecasting. For example, by given larger quantiles which represent probability information, we can get larger interval and vice visa.
As the first step, the fuzzy constraints considered are windproduction limits. The membership functions of these limits are linear decreasing between the lower bounds of the larger interval uncertainty set and those of the smaller interval uncertainty set. All algorithms are implemented in AMPL and solved with CPLEX 12.6. The test environment is a laptop with an Intel Core i7 2.70-GHz CPU and 16 GB of RAM. We solve all cases to optimality.
A. Base Case: Two-Stage Energy and Reserve Co-Optimization with Crisp Constraints
In this case, the original two-stage mathematical programming model is described as (1)- (24) and it is further deduced to the model (39)-(43). We will use the interval optimization model to make decisions for the scheduled energy and reserve with crisp lower bounds W − and W + i.e. of two different interval uncertainty sets for wind-power production. For the larger interval uncertainty set case, the objective function in (39)-(43) that represents the total scheduling cost is $930,297. For the smaller interval uncertainty set case, the total scheduling cost is $922,211which is lower than the case with the larger interval uncertainty set. Fig. 4 show the total capacity of committed generating units in each hour. In most hours, more generating units are committed online to serve energy and reserve for the larger interval uncertainty set, which leads to a higher total scheduling cost.
The hourly wind power shedding in the first stage problem is shown in Fig. 5 . It is noticed that the most wind power shedding occurs at the beginning hours of the day when the load level is low. Moreover, the figure demonstrates that there is more wind power shedding in the case of adopting the larger interval uncertainty set. The reason for that is because the system needs to buy reserves and change the economic dispatch of the gen- erating units to balance the gap between the forecasted wind power and the worst case wind power in the uncertainty set. The gap is larger in the case with larger interval uncertainty set. For the larger interval uncertainty set, it is more economical to shed some of the available wind power than to buy additional reserves.
The case study shows there is a feasible unit re-dispatch solution without load curtailments for the worst case wind power output. If there is a case with a wind power output higher than the worst case, the unit re-dispatch is always feasible. Therefore, the solution is robust.
The daily summation of cleared spinning reserve for the larger interval uncertainty set case is 11,844 MWh while that for the smaller interval uncertainty set case is 10,926 MWh. Table I shows the cleared hourly spinning and non-spinning reserves during the day. Most of the spinning reserve corresponds to unit dispatch as described in Constraint (16) , which means that the spinning reserve should be larger than the highest dispatched generation across of all generating units. Since the actual wind power will possibly become lower compared to the forecasted value, the operator should buy additional spinning reserve to compensate for the wind shortage. That is the reason why the cleared spinning reserve for the larger interval uncertainty set case is higher than that for the lower interval uncertainty set case. The total operating reserve requirement in (17) is the larger number of highest generator capacity (650MW) and 7.5% of total load. In our case study, the operating reserve requirement for both cases are same. Therefore, the total non-spinning reserve in 24 h for the larger interval uncertainty set case and the smaller interval uncertainty set case are 3757 MWh and 4675 MWh respectively.
B. Fuzzy Case 1: Maximization of Minimal Membership Function Model
In this case, the lower bound of the interval uncertainty set of wind power and the total scheduling cost are the fuzzy variables under consideration. We assume that their membership functions are linear and decreasing. We utilize the results of the two base cases we solved in Section V-A. to provide the lower bound and the upper bound of the total scheduling cost f in (45) and to maximize the least membership function. After solving the model (47)-(49), the maximization of the least satisfactory degree λ is 0.726296 and the compromise total scheduling cost is $924,424 which is between the two extreme cases $930,297 and $922,211 as described in Section V-A. Table II shows the total capacity of committed generating units in each hour for the fuzzy model. Compared to the two base cases, less committed generation capacities are online from hour 11 to hour 16. At the beginning hours and at the ending hours of the operating day, more generating capacity are committed compared to the small uncertainty set case in Section V-A. The hourly summation of wind power shedding of three wind farms is described by the blue line in Fig. 6 . Compared to the two base cases in Section V-A, the amount of wind power shedding is between the larger interval uncertainty set case and the smaller interval uncertainty set case. The largest amount of wind power shedding occurs in hour 4. The daily summation of cleared spinning reserves are 11,046 MWh. The total cleared non-spinning reserve is 4,555 MWh. The scheduled amounts of the different types of reserves in the fuzzy case are between the two base cases, which demonstrate that the fuzzy model can provide a trade-off solution between the system operating risk and the total scheduling cost.
C. Fuzzy Case 2: Multi-Objective Mathematical Programming Model
In this case, the fuzzy mathematical programming problem in (39)-(43) is reformulated into a multi-objective programming problem (50). Then, the multi-objective programming problem is transformed into a traditional mixed integer linear programming problem by assigning different weights to different terms in the objective function.
Initially, we assume the weights are θ j = 875, ∀ j. The total scheduling cost is $926,819, which is between the two base cases. The hourly summation of wind-power shedding of the three wind farms is shown by the red line in Fig. 6 . Compared to the two base cases in Section V-A., the amount of wind-power shedding is between the larger interval uncertainty set case and the smaller interval uncertainty set case. The largest amount of wind-power shedding occurs in hour 3. Overall, the wind power shedding in fuzzy cases 1 and 2, as illustrated in Fig. 6 . Table III shows the total capacity of committed generating units in each hour for this fuzzy case 2 model. The daily summation of cleared spinning reserves is 11,574 MWh. The total cleared non-spinning reserve is 4,027 MWh.
We conduct the numerical studiesby altering the weights θ j , ∀ j from 0 to 2000. Fig. 7 shows different total scheduling costs and the interpolating curve. It can be observed that the higher weights for the objective functions of maximizing the membership function results in the higher total scheduling cost. The reason for that is because higher weights denote a larger wind-power uncertainty set. Although the system operating risk is reduced by considering a worse wind-power scenario, the system has to buy more reserves and adjust the economic dispatch schedules which leads to a higher total scheduling cost. The sensitivity analysis illustrates how a decision-makers may use of the proposed fuzzy model to make a trade-off between the system operating risk and the total scheduling cost.
V. CONCLUSION
The two-stage energy and reserve co-optimization model based on interval programming can provide a solution which is robust under a fixed uncertainty set. When considering a larger interval uncertainty set, the system operating risk is low, but the total scheduling cost is high. When considering a smaller interval uncertainty set, the contrary conclusion is obtained. The proposed fuzzy-based energy and reserve co-optimization model considers the softness of the uncertainty set of renewable resources. By transforming the fuzzy mathematical programming model into a mixed integer linear programming model, the model obtains UC, cleared energy, reserve, and renewable shedding for each time period. The solution demonstrates that the fuzzy model can provide a trade-off solution between the system operating risks and total scheduling cost. (57), where sl is the slack variable for constraint (28). If the objective (52) is zero, the original second-stage problem is feasible and robust, and x * is the optimal solution of the two-stage problem. However, if the objective is positive, the second-stage problem is not feasible, the worst case w # and constraint Ex + F y − sl ≤ w # will be fed back to the first stage as an additional constraint. 
